
ReputationNet: Reputation-Based Service
Recommendation for e-Science

Jinhui Yao, Wei Tan, Senior Member, IEEE, Surya Nepal, Shiping Chen, Senior Member, IEEE,

Jia Zhang, David De Roure, and Carole Goble

Abstract—In the paradigm of service oriented science, scientific computing applications and data are all wrapped as web accessible

services. Scientific workflows further integrate these services to answer complex research questions. However, our earlier study

conducted on myExperiment has revealed that although the sharing of service-based capabilities opens a gateway to resource reuse,

in practice, the degree of reuse is very low. This finding has motivated us to propose ServiceMap to provide navigation facility through

the network of services to facilitate the design and development of scientific workflows. This paper proposes ReputationNet as an

enhancement of ServiceMap, to incorporate the often-ignored reputation aspects of services/workflows and their publishers, in order to

offer better service and workflow recommendations. We have developed a novel model to reflect the reputation of e-Science services/

workflows, and developed heuristic algorithms to provide service recommendations based on reputations. Experiments on

myExperiment have illustrated a strong positive correlation (with Pearson correlation coefficient 0.82) between the reputation scores

computed and the actual performance (i.e. usage frequency) of the services/workflows, which demonstrates the effectiveness of our

approach.

Index Terms—Service oriented architecture, scientific workflow, reputation, service composition
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1 INTRODUCTION

SERVICE Oriented Architecture (SOA) enables flexible and
dynamic collaborations among different service pro-

viders. A software service can either be used in a standalone
manner or be composed with others to form a value-added
service [35]. In this e-Science paradigm, many scientific dis-
ciplines such as physics and biology have embraced SOA to
integrate their heterogeneous data and computation resour-
ces. A scientific workflow precisely defines a multistep pro-
cedure to seamlessly integrate and streamline local and
remote heterogeneous computational and data resources to
answer complicated research questions [42]. For two exam-
ples, in astronomy, scientists run workflows to generate sci-
ence-grade mosaics of the sky [4] and examine the structure
of galaxies [43]. In bioinformatics, workflows help reason
rare illness by processing a large amount of bimolecular
data and understanding their statistical nature [33], [34].

Scientific investigation has entered the age of data-inten-
sive science, or e-Science [41]. In e-Science, as scientists create

and use more and more services (such as caBIG [38] and
KEGG [21]) and workflows, they have an increasing inclina-
tion to publicize these workflows to disseminate their
experimental results and obtain credit. This phenomenon
has a far reaching impact, i.e., a scientific workflow can be
wrapped up as a universal service that can either be later
reused directly or adapted and repurposed. As a matter of
fact, several domain-specific online workflow repositories
have evolved in recent years. Among them, the largest col-
lection is the UK-based myExperiment [14] project. myEx-
periment is a social web site for researchers sharing and
using scientific workflows and other research objects, with a
collection of than 2,800 life-science workflows as of May
2013. The advent of these online repositories makes it possi-
ble to assess the state-of-art of scientific workflows and pro-
mote the reuse of the best practices embedded therein.
However, our earlier study [39] conducted on myExperi-
ment indicated that although the sharing of service-based
capabilities opens a gateway to resource reuse, in practice,
such reuse rate is low. In response, the ServiceMap frame-
work [42] was developed to use association rule mining and
matrix-based searching algorithms to help domain scientists
better understand various usage patterns of the existing
services; and provide a system level support to recommend
possible service candidates and their compositions.

ServiceMap recommends a collection of services that are
frequently used together or a service chain serving a spe-
cific purpose. Its performance is based on network statis-
tics and matrix calculation, without taking into account the
social factor [26], [18] of workflow usage. However, the e-
Science ecosystem is not a pure software system. Instead, it
consists of not only services and workflows, but also corre-
sponding creators (authors) and users. The authors create
services, and may use services created by others to build
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value-added workflows. They may also jointly create serv-
ices/workflows, provide help and support to one another
on how to use services/workflows, and form a social net-
work where they rate services/workflows and their crea-
tors. We expect that these social network interactions can
bring additional information to make service recommenda-
tion more personalized and accurate. In this paper, we use
trust on service/workflow and its publisher, as perceived
by consumers and other publishers, for selecting the best
option. The reputation mechanisms have been widely con-
sidered as an effective approach [24], [25] to evaluate the
extent to which one trusts another. Therefore, we extend
the ServiceMap framework and generate the Reputation-
Net by incorporating the trust of both services/workflows
and their publishers into the service network, to reinforce
the capability of ServiceMap in terms of service and work-
flow recommendations.

Our contributions are summarized as follows. First, we
have developed a novel modeling approach to evaluate and
present the reputation aspect of services, workflows and
workflow authors, in the context of e-Science. Second, we
have developed heuristic algorithms to derive a variety of
reputation scores and provide service recommendations
based on reputations. We have conducted a range of experi-
ments using the workflows on myExperiment to evaluate
our ReputationNet. Our experimental results have dis-
played a strong positive correlation (with Pearson correla-
tion coefficient 0.82) between the reputation scores
computed and the actual performance of the service/work-
flow (i.e. usage frequency). Strong correlations are also
evident between reputation scores computed from Reputa-
tionNet and other service subjects (e.g., service composi-
tions and service association groups). In a word,
ReputationNet offers a good measurement of reputation of
services and workflows.

The rest of the paper is organized as follows. Section 2
presents the motivation of our work as well as some back-
ground of ServiceMap. Section 3 shows an overview of our
reputation-based approach to leverage and complement
ServiceMap, and describes the models developed. Section 4
presents algorithms to utilize our modeling for recommen-
dation. Section 5 presents the results of our evaluations and
experiments. Section 6 discusses related work and section 7
concludes the paper.

2 BACKGROUND AND RESEARCH MOTIVATION

Our ServiceMap [42] framework addresses two questions
that domain scientists frequently ask when exploiting exter-
nal Web services in building a scientific workflow:

Q1: Given the services I plan to use, what are the other services
often used together with them, by other scientists?

Q2: Given two or more services I want to use together, can I
find an operation chain, which is already used by others,
to connect them?

In an attempt to provide the answers, ServiceMap was
developed as a framework. First, all myExperiment
workflows are downloaded. These workflows are then
abstracted by removing non-Web services (i.e., WSDL-
based and RESTful services), such as local beanshells,

xml manipulating blocks, while maintaining the data
flows between services. Afterwards, the abstract work-
flows are inputted into ServiceMap. ServiceMap consists
of two disjoint networks (graphs): an undirected work-
flow-service network and a directed operation network.
In the undirected workflow-service network (Fig. 1),
nodes are either workflows or services and edges repre-
sent the inclusive relations between them—that is, the
associations among the workflows and services. In the
directed operation network (Fig. 2), nodes are operations
in services, and a directed edge represents a data link
between two operations in some workflow. More details
regarding the myExperiment workflow set, how networks
are built and analyzed can be found in [39], [42].

To answer Q1, we derive the frequent item sets and asso-
ciations rules in the workflow-service network, and recom-
mend relevant services in a given context (i.e., existing
services in a workflow). To answer Q2, we have developed
a relation-aware, cross-workflow search method to identify
an operation chain which connects two services and is com-
posed by fragments from individual workflows.

To utilize ServiceMap for service recommendations, intu-
itive enough, one may need to find which services have the
strongest association with the target service and they can be
recommended with higher confidence; and one may need to
find which service composition is more likely to exceed the
others when there are multiple reachable links between
given services. However, this task is not trivial. An empiri-
cal study on the two networks in the ServiceMap has
revealed very limited reusability of the services and the ser-
vice compositions among the workflows. Thus, the likeli-
hood of a service or a service composition being used in
multiple workflows is low. This brings significant difficul-
ties for service recommendation.

Two examples are shown in Fig. 3. The directed graph in
Fig. 3a illustrates a case where three different paths (service
compositions) are found linking service a (WSDbfetch.
wsdl) and b (WSClustalW2.wsdl). The undirected graph in
Fig. 3b shows a case that service c (WSWUBlast.wsdl) is
found to have associations with four other services (i.e., the
services used together in the same workflow). The two cases
are derived by ServiceMap using real-world workflows
stored on myExperiment. The numbers on the directed/
undirected links indicate the number of occurrences of the
links, e.g., three means three workflows have used such

Fig. 1. Service association network (partial).
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service composition. However, based solely on the numbers
of occurrences to identify the most optimal path or associa-
tion remains challenging. Considering the number of total
workflows available (more than 2,800 as of May 2013), none
of the paths or associations has the number of occurrences
significantly exceeds those of others. Meanwhile, many
other factors may have an impact on this. For instance, the
credentials of the authors of a workflow may suggest the
credibility of a particular service composition or association,
e.g., if path_2 is the only one designed by an expert in the
field, although it includes smaller number of occurrences of
the links compared to the alternatives, path_2 may be con-
sidered more trustworthy. Another factor to consider may
be the popularity, as the adoption of a workflow could be
an indicator of its reliability and usefulness.

While the community of myExperiment is developing
rapidly, the sparseness discovered in our empirical study
and the lack of important factors [40], [42] have indicated
the ineffectiveness of using simple frequency-based recom-
mendation approaches. This has revealed the necessity to
employ alternative methods to complement the network

analysis of ServiceMap, in order to deliver accurate and
effective recommendations. This motivates the develop-
ment of ReputationNet to consider the reputation aspects of
workflows and their designers to reinforce the ServiceMap.

3 REPUTATION BASED SERVICE

RECOMMENDATION

We define trust as the belief that a user holds regarding the
intention and capability of a service/workflow to behave as
expected. We use reputation as a mechanism of establishing
the belief on a service and its publishers ability to deliver,
through collective perception of the users/workflows that
have interacted with the service in the past. This mechanism
has been successfully applied in Internet marketplaces such
as eBay and Amazon, as well as Web services using the con-
cept of reputation [27]. The notion underpinning the reputa-
tion-based trust models is to capture consumers’ perception
of the consumed service and use it to evaluate the reputa-
tion of the service [8]. A social platform like myExperiment
provides a rich collection of reputation data that can be
analyzed.

Fig. 4 depicts the overall approach of our ReputationNet.
We first download all the workflows from myExperiment to
build the ServiceMap, which constructs both an undirected

Fig. 3. Motivating examples.

Fig. 2. Service operation workflow (partial).)

Fig. 4. The ReputationNet approach for service recommendation.
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network capturing the associations between the services,
and a directed network capturing the service compositions.
The method of building the ServiceMap is reported in [42].
In the meanwhile, we download other reputation informa-
tion about the workflows and their designers to compute
their reputation scores. These information include the
view/download times of each workflow, credits received
by designers, the friends to whom each designer is con-
nected (their uses will be elaborated in later sections). By
combining the network structure of the services, the service
associations as well as the service compositions with the
reputation scores, we derive the ReputationNet. Reputation-
Net enables us, for instance, to identify the most reputable
association (an extension to Q1) that exists between a given
service and others related to it. Similarly, for two or more
services, we can identify a path linking them that has the
highest reputation (an extension to Q2).

3.1 The Model of Service Reputation

In our model, we view platforms like myExperiment as a
giant workflow repository, whereas the members of the plat-
form constantly propose and add new workflows into it.
Eachmember can proposeworkflows and view or download
the ones proposed by others. Moreover, new workflows can
be developed based on existing ones, e.g., to combine two
workflows to form a new one. Web services can be used as
building blocks inside of workflows which may appear in
the form of a single service or service compositions. More
formally, we canmodel a repository (Rep) as a tuple

Rep ¼ �
D;W;S; Sfg; S<>

�
; (1)

where D ¼ fD1; D2; . . . ; Ddg represents the set of registered
members, the designers (e.g., scientists) who develop the
workflows. Therefore, W ¼ fW1;W2; . . . ;Wwg is the set of
the workflows proposed. Workflows are defined by the

designer, that isDi !define Wj whereDi 2 D andWj 2W .
Workflows may be viewed as sequences of activities

which are to be carried out to accomplish a specific goal.
Such activities may exhibit in a variety of forms, among
them, there are invocations to certain local or remote serv-
ices. Here the set S ¼ fS1; S2; . . . ; Sng represents the services

that have been used in the workflows defined, thus S 2W .
As mentioned, in a workflow, multiple services may be
used as a service compositions, a service composition is a
collection of services which are executed according to a

specific order, e.g., S
fg
1 ¼ S1 ! S2 ! S3 represents a service

composition where three services (i.e. S1, S2 and S3) are exe-

cuted in sequential order. Sfg ¼ fSfg1 ; S
fg
2 ; . . . ; Sfgc g is the set

of the service compositions that have been used, the same

as services, Sfg 2W . The element S<> ¼ fS<>
1 ; S<>

2 ; . . . ;
S<>
n g is the set of the associations among the services in S ,

which captures the instances of multiple services being
used together.

The reputations of the proposed workflows are, thus,
evaluated according to two main factors, namely, the repu-
tations of the designers (RDi) and the popularities of the

proposed workflows (pWi). The reputation of workflow Wi

proposed by designer Di is thus computed using the
following formula:

rWi
Di ¼ frðRDi; p

WiÞ; (2)

where function fr must be a monotonic increasing function,

i.e., in numerical terms, RD1 > RD2 and pW1 > pW2 imply

rW1
D1 > rW2

D2 . This modeling approach is based on the com-
mon empirical experience, whereby, the more reputable the
designer is (i.e. a higher RDi), and the more times the work-

flow has been used by others (i.e. a higher pWi), the more
likely it is that the workflow is of a higher quality.

The popularity of a workflow (pWi) should reflect the
degree of adoption by other users in the community. While
it is difficult to establish exactly how many users have actu-
ally used a certain workflow, some indicating statistics are
at our disposal, such as the number of times it is viewed

(nWi
v ), downloaded (nWi

d ), as well as the ratings or feedbacks

given by other users (fRtWig). The intuition behind this is
that, the more frequently a workflow is accessed by users
and the higher its user rating is, the more popular it is in the
community. The popularity can be computed as follows:

pWi ¼ fp
�
nWi
v ; nWi

d ; fRtWig�: (3)

The computation of the author’s reputation should take
into account his/her contributions to the community as
well as his/her popularity among the users. The social net-
work platform may have certain mechanisms to reflect one’s
contributions. For example, in myExperiment each user has
a credit score and an average rating. Moreover, the popular-
ity of the workflows that the user has contributed in the
past directly suggests his/her reputation as a credible
designer. Similarly, a particular user’s popularity in the
community can be assessed according to his/her connec-
tions. The more reputable members one has in his/her con-
nections, the more likely he/she is also a reputable member
in the corresponding field.

To capture one’s contributions to the community in
terms of the quality of the workflows he/she has proposed,
we here define the contribution of designerDi as follows:

CtrDi ¼ fCtrðCDi; fpDigÞ; (4)

TABLE 1
Table of Symbols

w;W Workflows and work-
flow set

s; S Service and service set
d;D Designers and designer

set
sfg; s<> Service composition

and service association
p Popularity
r; R Individual reputation

and aggregate reputa-
tion

nv; nd Number of views and
number of downloads

Rt Ratings
Ctr Contributions
afd;bfd Reputation and popu-

larity fading factors
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where CDi refers to the credit score (or other forms of evalu-
ation) provided by the social network platform, which indi-
cates ones contributions in the workflows proposed by
other members; fpDig is the collection of the popularities of
the workflows that user has proposed, which is an indica-
tion of the contributions one has made directly. The credit
score may be computed in various ways, for instance, if the
member is assumed to share all contributions of the work-
flows he has contributed, the popularities of those work-
flows can be used as the credit score.

Ones reputation in the community depends on both his
contributions the recognition from the users; and the contri-
butions made by his connections the recognition from other
reputable designers. The reputation of a designer is defined
as

RDi ¼ fRd
�
CtrDi;

�
CtrDi

cnt

��
; (5)

where fCtrDi
cntg is the collection of the contributions of the

members to whomDi is connected. The underpinning intui-
tion is that, if a designer is connected to many high contri-
bution professionals in the community, then it is likely this
designer is also professional and reputable. This score rep-
resents the fame as well as the recognition of the designer in
the scientific community, and thus is a good indication of
the quality of the designed workflows.

Each Workflow may contain one service or a collection of
services, which, in turn, may form a service composition.
Here, the term ‘service composition’ has a broader meaning,
as in the scientific workflows services may comprise of
other local non-service activities. Hence, in this context, ser-
vice composition refers to a group of services linked by one
or more operation paths. The reputation of the services or
the service compositions can be derived from the reputation
of the workflow in different ways. Intuitively, we adopt an
equal-share model where the involved services (S), service

associations (S<>) and the service compositions (Sfg) share
the reputation of the workflow equally

9S 2Wi rWi
S ¼ rWi

Di ; (6)

9S<> 2Wi rWi
S<> ¼ rWi

Di ; (7)

9Sfg 2Wi rWi
Sfg ¼ rWi

Di : (8)

The assumption underpinning the equal-share model is that
if the groups of users are aware of the workflow, they are
implicitly aware of the services contained within. In other
words, the services, service compositions and the workflow
are equally reputable.

A more sophisticated approach is to adopt a fair-share
model. The fair-share model considers the factor that differ-
ent components of the system offer different levels of contri-
butions towards the systems performance. For instance, if a
workflow simply has one activity which is invoking a ser-
vice, the service provides the entire functionality of this
workflow. If a workflow contains a service composition of
two services, their composition provides the whole func-
tionality while each of them provides only a portion of that
functionality. Under this intuition, the fair-share model dis-
tributes the reputation of the workflow to the services and
service compositions according to their contributions to the

workflow. The importance of each element in the workflow
(including services and compositions) will first need to be
assigned

V Wi ¼ v1; v2; v3; . . . ; vn; (9)

where Wi is a workflow containing n elements and v 2 ½0; 1�
and it is designed by Dj. Then the reputation of individual
elements are computed as follows:

8Sa 2Wi rWi
sa ¼ var

Wi
Dj (10)

8S<>
b 2Wi rWi

Sb<> ¼ vbr
Wi
Dj (11)

8Sfgc 2Wi rWi
Scfg ¼ vcr

Wi
Dj: (12)

The importance can be derived in multiple ways depending
on the implementation details. One could, for example, refer
to the popularities of other workflows containing the ele-
ment; or for simplicity, assume equal importance for all
services and calculate importance according to the number
of services involved, i.e., in a composition of two services,
each contributes half of the functionality. More details about
fair-share can be found in [47].

A particular service or a service composition may be
used in multiple workflows designed. The instances of their
use all contribute to their reputations in the community, i.e.,
the more times a service is used in different workflows, the
more reputable this service becomes. An aggregate reputa-
tion of the service or the service composition can be calcu-
lated according to the individual reputations derived from
the workflows that incorporate them. This aggregate reputa-
tion suggests the reputation of the service or the service
composition within this community. The aggregate reputa-
tion of a given service Si (RSi), a given association S<>

i

(RSi<>) and the aggregate reputation of a given service com-

position S
fg
i (RSifg) are computed as follows:

RSi ¼ fRs
�
rW1
Si ; rW2

Si ; . . . ; rWn
Si

�
(13)

RSi<> ¼ fRa
�
rW1
Si<>; r

W2
Si<>; . . . ; r

Wn
Si<>

�
(14)

RSifg ¼ fRc
�
rW1
Sifg; r

W2
Sifg; . . . ; r

Wn
Sifg

�
: (15)

Individual reputation scores are computed based on the
reputation of the workflow designer and the popularity of
the workflow. Thus, a service or service composition with a
high aggregate reputation entails that: i) it has been
involved in the workflows that are used extensively by the
users; or ii) it has been involved in the workflows that are
designed by very reputable designers; or iii) both i) and ii).

3.2 Reputation Bootstrapping

It is possible that for a workflow, one or both of the elements
in the function in (1) are missing. For instance, newly posted
workflows will have no popularity. In these cases, we need
to bootstrap the workflow reputation.

For newly posted workflows without popularity pWi ¼ f,
the calculation remains the same, as we can calculate the
reputation of the workflow solely based on the reputation
of the author

rWi
Di ¼ frðRDi;fÞ ¼ frðRDiÞ: (16)
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In this case, this workflow simply ‘inherits’ the reputation of
the designer, which is an estimation based on his/her past
contributions. Alternatively, to promote potentially valu-
able workflows, we can consider applying an initial popu-
larity to bootstrap the reputation

rWi
Di ¼ frðRDi;fÞ ¼ frðRDi; p

#WiÞ; (17)

where p#Wi is the adjusted popularity

p#Wi ¼ pWi þ pBp
Di (18)

with pBp
Di being the average popularity of the other work-

flows defined by Di. Given the set fWgDi containing all
workflows defined byDi

pBp
Di ¼

1

N

XN

j¼1
pWj
Di ; Wj 2 fWgDi and Wj 6¼Wi: (19)

The intuition is that, if one person does not show sharp
improvement or deterioration in his/her profession, we can
assume that the popularity of a newworkflowdefined by the
person is likely to be the same as those defined in the past.

According to our modeling method, it is also recognized
that newmyExperimentmemberswill be put into a disadvan-
tageous position if assigned zero reputation upon joining. In
order to encourage new users to contribute to the community,
this disadvantage should be minimized if cannot be elimi-
nated. Bootstrapping ones reputation refers to assigning or
adding an initial value to a newcomers reputation [25], so that
his/her newly designed workflows are reasonably competi-
tive among theworkflows designed by others.

Such an objective can be achieved in multiple ways. For
example, we can initialize one’s reputation based on the
reputations of his/her connections. Similarly, if the commu-
nity provider can incorporate endorsement techniques [24],
newcomers can present the credentials of any existing
users who are willing to endorse them. However, these
approaches will likely to impose further assumptions on the
community. An alternative, and a more generic approach
can be taken by initializing one’s reputation with the aver-
age reputation of all users. It is demonstrated in [11] that
such an averaging technique provides the best results in
terms of fairness and accuracy. Taking this as a starting
position, we can adopt an averaging model in this case. The
bootstrapping reputation of a newly joined user RBp

Di can be
calculated as follows:

RBp
Di ¼

1

N

XN

j¼1
RDj for all j 6¼ i; (20)

where N is the total number of the users in the community.
The newcomer’s reputation will be boosted by adding this
average reputation to the actual reputation computed in (5)

R#
Di ¼ RDi þRBp

Di ; (21)

where R#
Di is the adjusted reputation for the newcomer

Di. For the reputation of the very first workflow designed
by Di, its popularity can be neglected (13) or boot-

strapped (14) with pBp
Di being the average popularity of all

the workflows in the repository

pBp
Di ¼

1

N

XN

j¼1
pWj; for all Wj 6¼Wi: (22)

In this way, a new workflow defined by newly joined users
will obtain a fair treatment. With average designer reputa-
tion and workflow popularity, according to (2) the new
workflow will obtain an average reputation. The bootstrap-
ping reputation offers an advantage to the newcomers to
offset their disadvantage inherent in not having any prior
contributions. Clearly, this advantage should not be offered
forever. This issue will be discussed in the next section
when we introduce the temporal sensitivity.

3.3 Reputation Fading

An important aspect in reputation assessment is the tempo-
ral sensitivity, as reputation information of a service decays
with time [38]. Given two workflows with the same popu-
larity, the workflow that is designed earlier should have a
lower reputation, as it suggests that the newer workflow
has gained equal popularity more rapidly and is likely
more up to date. Similar idea can be applied to the reputa-
tion of the authors.

Along those lines, the advantage offered to the new-
comers should diminish in time so that eventually only their
true reputations are counted (equation (3)). Thus, a boot-
strapping fading factor a

Bp
fd 2 ½0; 1� must be incorporated

into equation (10)

R#
Di ¼ RDi þ aBp

fd R
Bp
Di (23)

aBp
fd ¼ fðDtÞ; (24)

where Dt is the time difference between the present and the
time of the event, i.e., when the newcomer joined. A linear

or exponential function can be applied to reduce aBp
fd from 1

eventually to 0.
The significance of popularity of aworkflow fades in time,

i.e., a workflow can gain a high popularity if it is down-
loaded or used extensively. However, this popularity should
decline if such a trend discontinues. Given that the statistics
of its usage usually cannot decrease (e.g., the number of
downloads), two popularity fading factors aPop

fd and bPop
fd

should be incorporated into the model. The first factor aPop
fd is

to diminish the bootstrapping popularity pBpDi in time, while
the second factor constantly reduces the popularity as the
time passes. The two factors need to be computed using dif-

ferent functions, as aPop
fd is a multiplier, while bPop

fd is a subtra-

hend. Thus, the adjusted popularity p#Wi then becomes

p#Wi ¼ pWi þ aPop
fd pBpDi � bPop

fd (25)

a
Pop
fd ¼ f1ðDt; zÞ b

Pop
fd ¼ f2ðDt; zÞ; (26)

where Dt is the time interval difference between the present
time and the time when this workflow is designed, and z is
a catchall variable referring to other factors that may be
considered.

Incorporating both the reputation bootstrapping and the
reputation fading mechanisms into our earlier modeling,

444 IEEE TRANSACTIONS ON SERVICES COMPUTING, VOL. 8, NO. 3, MAY/JUNE 2015

Authorized licensed use limited to: SOUTHERN METHODIST UNIV. Downloaded on October 19,2024 at 04:26:32 UTC from IEEE Xplore.  Restrictions apply. 



the reputation of a workflow will then be computed using
both the adjusted designers reputation R#

Di and adjusted

workflow popularity P#Wi

rWi
Di ¼ fr

�
R#

Di; P
#Wi

�
: (27)

Note that the popularity fading mechanism affects both the
reputation of the workflow (2) and the reputation of the
designer (according to (4) and (5)). This allows the conver-
gence of reputation to a very small value as time passes, if
the workflow is no longer used or the workflow designer
stops contributing.

4 SERVICE RECOMMENDATION BASED

ON REPUTATION

As noted above, two key recommendation needs have been
recognized in ServiceMap, namely: 1) recommend the serv-
ices that have been used together—undirected association
rules recommendation; and 2) recommend the paths that
link one service to another—directed service composition
recommendation. Starting from ServiceMap, we now elabo-
rate our approach.

The association rules obtained can be used to suggest other
relevant services usually used together by peers. Feedback
from caBIG [10] users shows that such association rules are
quite helpful in terms of introducing relevant services from a
large set into their experiments. However, due to the limited
number of frequently utilized sets, the number of association
rules that can be discovered according to the number of occur-
rences is low. The reputation of a service, on the other hand,
can be high evenwhen it has only been used in oneworkflow,
as it inherits the reputation of the workflow and hence of the
author. Based on (7) and (14), we have developed an algo-
rithm, as shown in Algorithm 1, to find, for a particular ser-
vice Si, the set of the associated service groups fS<>

Si g that

have reputations exceeding the thresholdRThres.

Algorithm 1. Choosing Reputable Service Associations

Input: a set of workflows fwfg, a service Sa, a threshold RThres

Output: a set of associated service groups fS<>
Sa g

fS<>
Sa g �f; Rep 0

foreach S<>
Sj 2 fS<>g do

if S 2 S<>
Sj and S<>

Sj =2 fS<>
Si g then

if recommend based on RS<> then
Compute RSj<> (14) using (27) Rep RSj<>

end
else if recommend based on RDi then
Compute RSj<> (14) using rWi

Di ¼ fðRDi;fÞ ¼ fðR#
DiÞ

Rep RSj<>

end
else if recommend based on pSj<> then
Compute RSj<> (14) using rWi

Di ¼ fðf; pWiÞ ¼ fðpWiÞ
Rep RSj<>

end
if Rep > RThres then
fS<>

Si g  S<>
Si

end
end

end

In the previous algorithm, recommendations can be
made based on three factors, namely: the reputation value
of the association RS<>, the reputation value considering
only the designers reputation RDi, and the reputation value
considering only the popularity of the workflows PSj<>.
The three mechanisms will be evaluated and compared in
the experiment section.

Service composition recommendation provides a cross-
workflow search technique. Our experience working with
the caBIG community shows that this feature can be quite
useful for scientists to explore best practices. In our view,
the reputation of a service composition would yield more
insights for the users.

As illustrated, the service compositions share the reputa-
tions of the workflows. For the service compositions that are
used in different workflows that can be merged, we can syn-
thesize the reputation of the merged larger service composi-
tion by merging their individual reputations. For instance,
workflow Wa contains service composition Sfga : S1 ! S2,

whilst workflow Wb contains service composition S
fg
b :

S2 ! S3. Merging these two compositions, we obtain a

larger composition Sfgc : S1 ! S2 ! S3. Although this com-
position may have not been used by any workflows
designed, its reputation can be synthesized by utilizing the
reputation of the two individual service compositions
involved. That is

9Sfgc ¼ Sfga [ Sfgb RScfg ¼ fðRSafg; RSbfgÞ: (28)

The above expression can be generalized to accommodate
multiple service compositions.

A simple algorithm shown in Algorithm 2 can be fol-
lowed to find the service composition that links two specific
services with high reputation. Note that it relies on the Serv-
iceMap to develop the directed operation network to iden-
tify all possible service compositions (fSfgg) contained in
the workflow set.

Algorithm 2. Choosing Reputable Service Compositions

Input: the set of all service compositions fSfgg,Sa,Sb, a

threshold RThres

Output: a set of reputable service compositions fSfgSa;Sbg
fSfgSa;Sbg  f; Rep 0

foreach S
fg
i 2 fSfgg do

if Sa 2 S
fg
i and Sb 2 S

fg
i then

Compute RSifg using (15) and/or (28), apply similar
mechanisms as in Algorithm 1 for the three types of
recommendations: based on RSifg, RDi and

pSjfgRep RSifg
if Rep > RThres then

fSfgSa;Sbg  S
fg
i

end
end

end

To demonstrate the use of the recommendation algo-
rithms, we have applied them to the example presented in
Section 2 (Fig. 3). In Fig. 5, the service compositions and the
associations in Fig. 3 are displayed together with the scaled
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reputations (linearly scaled to a value between 0 and 100,
the latter being the most reputable) of the individual
directed/undirected links. For simplicity, we apply summa-
tion for the elements in the functions. Same method is
applied to other equations. As shown in Fig. 5, although the
numbers of occurrences of the links are quite similar, their
reputation scores are diverse. By using algorithms (1) and
(2), we have selected the most reputable service associations
(answer to Q1 in Section 2), and service compositions
(answer to Q2 in Section 2). They are emphasized in the
figure with thick solid lines, while other less reputable alter-
natives have been deemphasized with thin dashed lines.
Clearly, the most reputable composition links services Sa

and Sb through service S3 (WSWUBlast.wsdl); whilst the
most reputable association for service Sc is service S6

(WSDbfetch.wsdl) among the alternatives.

5 EXPERIMENTS

5.1 Methodology and Assumption

We have conducted a set of experiments using workflows
on myExperiment to evaluate the effectiveness of Reputa-
tionNet. We first download all workflows on myExperiment
to build the ServiceMap, which, as noted earlier consists of
an undirected network of workflows-services and a directed
network of service compositions. Next, we download the
metadata pertaining to all workflows (including the ratings,
view times and download times of each workflow) as well
as the information related to each author (including his/her
credit score, the number of friends and ratings) to construct
the ReputationNet, which is superimposed on the Service-
Map. For simplicity, we use addition in the equations in
Section 3 and 4 to calculate the reputation scores, that is, all
the elements in the functions are added.

We assume that the download times of a workflow to a
certain extent, reflect its usage. Certainly, it is possible that a
workflow is downloaded many times but rarely used, but
more likely a large download number indicates a lot of
usages. We further assume that, in a social platform such as
myExperiment, even without any recommendation mecha-
nism, the community members will eventually find the high
quality services or service compositions to use in their
workflows, either through a long try-and-error process or
through peers’ suggestions. Based on these two assump-
tions, it follows that, high download times suggest high
workflow usages which, in turn, suggest the high quality of
the services, associated service groups and service composi-
tions contained within. One may notice download times are
used as an element in our modeling in Section 3 thus there
is some natural correlation between the reputation scores
and the download times. To address this shortcoming, we
have conducted evaluations based only on the authors repu-
tation (bootstrapping reputation) and cross-validation
experiments to validate the legitimacy of the reputation
scores (more details will be discussed later). Note that,
although this assumption is based on reasonable arguments,
the download times may not necessarily precisely describe
the actual usage of the workflows and in turn, the accuracy
of the reputation scores. We are merely using the download
times as a yardstick to measure the different aspects of
ReputationNet.

5.2 Results at a Glance

From myExperiment, we successfully downloaded and
processed 1,557 workflows (the dataset is acquired in Feb
2013). Within downloaded workflows, we found 423 web
services, 1,109 service association groups (association
pairs) and 771 service compositions (two-service-compo-
sition). Such numbers have almost doubled since 2011 (as
recorded in [42]). Five sets of experiment were conducted
to evaluate various aspects of the ReputationNet and the
observations are summarized in Figs. 6, 7, 8, 9, and 10. In
the first three experiments (Figs. 6 and 8), we explored
the correlation between the reputation of the service sub-
jects (i.e., services, service associations and service com-
positions) and their performance (i.e., usage frequency) in
different testing scenarios. The fourth experiment (Fig. 9)
shows the effects of reputation bootstrapping and the fifth
experiment (Fig. 10) examines the success rate the correla-
tion between the reputation of service subjects and their
chances of being used by designers in their workflows.

Fig. 5. Examples of service recommendation.

Fig. 6. Reputations of service subjects against their usage frequencies. The x-axis is the scaled reputation scores while the y-axis is the scaled
usage. A linear regression line is draw for each of the sub-figures.
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Fig. 6 shows the plots of the scaled (linearly scaled to a
value between 0 and 100, the latter being the most reputa-
ble or used) reputations calculated using equations (13)-
(15) and usages (number of downloads nd) of the services
(6a), service association groups (6b) and service composi-
tions (6c). As mentioned earlier, the usages of the serv-
ices/workflows indicate their performance in the
community and therefore represent their quality. In this
experiment, we aim to discover the correlation between
the reputation scores and the actual performance of the
services subjects. High correlation represents a close rela-
tion between the reputation scores and service/workflow
performance and vice versa. We have evaluated the corre-
lation by computing the Pearson correlation coefficient
[36]. We also have studied the relative impact between
the two variables through simple linear regression analy-
sis. The purpose of correlation analysis is to measure and
interpret the strength of a linear or nonlinear (e.g., expo-
nential, polynomial, and logistic) relationship between
two continuous variables. Pearson correlation coefficient
(denoted as r) takes on values between �1 and +1, rang-
ing from being perfectly negatively correlated (�1) to
uncorrelated (0) and to perfectly positively correlated
(+1). The purpose of simple regression analysis is to eval-
uate the relative impact of a variable (reputation) on the
other (usage). In our experiments, we have applied the
linear least squares method to obtain the regression lines.

We calculated the reputations of the workflows using (2),
then derived the reputations of the contained services, asso-
ciations and compositions using an equal-share model (6, 7,
8). The aggregate reputations are calculated using (13, 14,
15). Obviously, the distributions of their reputations and
usages are not uniform, but the positive correlations between
the usage and reputation are apparent. Fig. 6a plots the repu-
tation scores against the usages of web services. It has a r of
0.82 (strongly positive), a regression slope of 0.9 with stan-
dard deviation 10.25. The regression slope indicates that for
every unit increase in reputation, the value of its usage will
increase on average 0.9. Fig. 6b plots the reputation scores
against the usages of service association groups. It has a r of
0.72 (strongly positive), a regression slope of 0.87 with stan-
dard deviation 10.72. Fig. 6c plots the reputation scores of
service compositions against their usages. It has a r of 0.95
(strongly positive) and a regression slope of 0.78 with stan-
dard deviation of 6.84. These figures suggest a strong posi-
tive relation between the calculated reputation and the
observed usage frequency. In other word, the reputation
scores computed can serve as a good indication of the

performance of the services/workflows, i.e., reputable ser-
vice subjects tend to have better performance.

To further verify this relation, in the second experi-
ment, we excluded the popularity of the workflow pWi in
(2) and computed the reputations solely using the reputa-
tions of the authors, that is, bootstrapping the reputations
for all workflows (i.e., including the workflows with pop-

ularity pWi 6¼ f). In this approach, the effect of the down-
load times on the reputations computed is greatly
reduced, which are only considered when evaluating the
contributions of the authors (4, 5). The results are plotted
in Fig. 7. The plots in Fig. 7 are more scattered than those
in Fig. 6, and the positive correlation remains high.
Fig. 7a (web services) has a r of 0.76 (strongly positive)
and a regression slope of 0.82 with standard deviation
11.53. Fig. 7b (service association groups) has a r of 0.61
(strongly positive) and a regression slope of 0.64 (strongly
positive) with standard deviation 12.24. Fig. 7c (service
compositions) has a r of 0.93 (strongly positive) and a
regression slope of 0.77 with standard deviation of 7.84.

5.3 Cross Validation Experiments

The third experiment is a cross-validation test to evaluate
the performance of the ReputationNet in a fabricated appli-
cation scenario. The full set of workflows is partitioned into
two subsets, i.e., the training set and the testing set. For
workflows posted in each month, half of them are randomly
selected into the training set while the remaining half goes
to the testing set. This partition is to make sure the work-
flows in the training set and the testing set have similar
timeline distributions. Next, we computed the reputations
of the services, association groups and compositions using
the workflows in the training set, and validate them with
their usages observed in the workflows in the testing set.
Through this approach, we are fabricating a real application
scenario in which we investigate the relation between the
reputations computed by ReputationNet and the usage fre-
quencies of the service subjects (services, association groups
and compositions) in the workflows that are not involved in
the computation. The results are plotted in Fig. 8. Appar-
ently, the data points we are able to collect are far less than
those in Figs. 6 and 7. This is because the service subjects
that have only appeared in either training set or testing set
workflows will end up with zero usage or reputation and
thus be excluded. We were only able to plot for 182 services,
346 service association groups and 218 service composi-
tions, much less than half of the service subjects we have

Fig. 7. Bootstrapping Reputations of service subjects against their usage frequencies. The x-axis is the scaled bootstrapping reputation scores while
the y-axis is the scaled usage.
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found in total. However, apart from the sparseness, there
appears to be a clear positive correlation between the
usage and reputation in the results. Fig. 8a has a r of 0.6
(strongly positive) and a regression slope of 0.7 with stan-
dard deviation 15.52. Fig. 8b has a r of 0.36 (moderately
positive) and a regression slope of 0.45 with standard
deviation 15.41. And Fig. 8c has a r of 0.34 and a regres-
sion slope of 0.36 with standard deviation of 15.06. Due
to the limited number of samples that we are able to col-
lect, we can see that the positive correlations in these fig-
ures are weaker than the previous ones and have larger
deviations, but they are still evident.

5.4 Effects of Reputation Fading

In previous experiments, we have applied the reputation
bootstrapping (21, 22) and fading (25, 26) mechanisms as
elaborated in Section 3. Linear fading functions have been
applied in (26), that is, the popularity of the workflows
fades in time in a constant speed. The fading parameters in
the functions have been assigned empirically based on our
observations. In the real practice, more sophisticated fading
algorithms shall be applied, and the fading parameters will
need to be constantly tuned by domain experts. Here in
Fig. 9 we demonstrate the effectiveness of reputation boot-
strapping and fading. These two mechanisms work together
to fade the reputation of the old workflows while bootstrap-
ping the reputation of the new ones, therefore we are con-
ducting this experiment to show their effects when both are
applied. In Fig. 9a, we plot the unadjusted reputations of
the workflows (range axis) against their publishing time
(domain axis), then apply a 10 day moving average. We can
observe from the plot that a downward trend is evident
which indicates that, the workflows published recently will

be put into a disadvantageous position in terms of reputa-
tions if the publishing time is not considered. Fig. 9b shows
the same plotting after applying reputation bootstrapping
and fading. It can be seen that the difference between the
reputations of the newly posted workflows (e.g., after 2011)
and the old workflows (e.g., before 2008) has been greatly
reduced. This helps to promote the service subjects that
have been freshly introduced to the community.

5.5 Success Rate Analysis

The last experiment conducted was to find out the success
rate of the reputation scores. The success rate here is the
rate or frequency at which a service is used by a domain sci-
entist in his/her workflow. It is the correlation between the
reputations of the service subjects, and the number of times
they are chosen by the scientists. As explained earlier, we
have assumed that the usage of a workflow directly reflects
its quality. Under a similar intuition, if a service is indeed
very useful for conducting a certain type of scientific experi-
ment, naturally, we can expect the domain scientists to use
the service in their workflows if the workflows are related
to that experiment. In other word, we validate the reputa-
tions of the service subjects against their popularities among
the workflow designers rather than users. If the reputation
scores are reasonable, a service subject with a high reputa-
tion score should have a high success rate - it is favored by
many scientists due to its high quality; and the opposite sit-
uation shall be applied to the ones with low reputation
scores. Like the third experiment (Fig. 8), we partitioned the
workflows into training set and testing set. Then we com-
puted the reputations of the services subjects using the
workflows in the training set, and counted the number of
workflows in the testing set that uses them. In Fig. 10, we

Fig. 8. Cross-validation of reputations. The x-axis is the scaled reputation scores computed using the training set while the y-axis is the scaled usage
frequencies computed using the testing set.

Fig. 9. Reputation fading and bootstrapping. The x-axis is the time at when the workflows are published while the y-axis is the average reputations of
the workflows published.
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plot the reputations of the service subject against the num-
ber of workflows in which it has been used. The results are
quite as expected, the higher the reputation of the service
subject, the more workflows they are used within. Take
services (Fig. 10a) for example, the services with low reputa-
tions (between 20 and 30) averagely have been used in 1.6
workflows while the ones with high reputations (greater
than 90) averagely have been used in 55 workflows. The
same pattern can be easily found in Figs. 10b and 10c.

5.6 Discussions

Through the experiments, we have observed that the repu-
tations computed for the services, service association
groups and service compositions are closely correlated to
their usage frequencies. The higher the reputation, the more
often the service subject is used in the community. We have
also demonstrated the necessity of the reputation bootstrap-
ping and fading mechanisms. Cross-validation experiments
have been carried out to fabricate a real application scenario
for ReputationNet. We have shown that the reputations of
the service subjects computed using the training set; closely
match the actual performance of them in the testing set.
This indicates the legitimacy of the reputations produced by
ReputationNet. Please note that, while we evaluated our
modeling and algorithms with the scientific workflows on
myExperiment, the general approach can be applied to
other similar workflow or service composition platforms.
The social aspects of such collaboration platforms are the
true drive of the reputation based approach, regardless of
the detailed implementations

6 RELATED WORK

The concept of trust is not new. Trust has been studied in
many disciplines including sociology [27], psychology [8],
economics [19], and computer science [20]. Each of these
disciplines has considered trust from different perspectives.
There is no single consensus definition of trust in the litera-
ture. In general, trust is a measure of confidence that an
entity or entities will behave in an expected manner. In this
paper, we consider the reputation based trust [29], [30].

Reputation systems have benefitted electronic commerce
in recent years. Amazon, eBay and Yahoo! Auction are exam-
ples of businesses that have deployed reputation systems suc-
cessfully. These reputation systems use feedbacks from the
consumers as the reputationmeasurement, and have received
considerable attention in the literature [5]. SPORAS [45] is one
such centralized reputation model that extends the above

mentioned models with more sophisticated characteristics to
model trust dynamics. We have adopted and extended this
concept and used along with reputation networks to develop
a reputation-based recommendation framework.

Recommender systems exploit both implicit and explicit
data sources to generate recommended list. Explicit data
sources include user profiles, articulated friend networks,
or group memberships. Recommenders often exploit
explicit friendships or linkages to generate recommendation
lists, e.g., the Friend-Of-A-Friend (FOAF) algorithm [6], [16].
User profile data can be used to identify articles and other
content believe to be relevant to users [23]. Implicit data
sources have become more common for recommenders in
social networks for several reasons. Firstly, typical social
networks represent relationships in a binary manner, i.e.,
friend or stranger. However, research has shown that many
types of relationship exist, and factors such as closeness and
trust can better represent these relationships and facilitate
better recommendations [13], [12].

Trust relationships between members have been used in
recommender systems. Trust models for social networks
can be classified into three groups: graph-based trust mod-
els, interaction-based trust models, and hybrid trust models.
The graph-based trust models exploit the inherent struc-
tural properties of social graph. For example, [15] proposed
a method of creating a trust network on the Semantic Web
by extending the FOAF schema to allow users to indicate a
level of trust for people they know. The interaction-based
trust models exploit the interaction data such as engage-
ment and popularity in the STrust model [32], [31]. [25] was
among the first to attempt to quantify relationship strength
from interaction data in social networks.

Interaction-based social trust models consider interac-
tions in the community to compute trust, but ignore the
characteristics of the social network structures. Hybrid
models were developed to exploit the benefits of both inter-
actions and social graph. [44] proposed such a social trust
model for applications such as content distribution and
micro-blogs. These models have been exploited by the rec-
ommender system to generate personalized recommenda-
tions by aggregating the opinions of other users in the trust
network [26], [2], [18]. For example, [18] used a social graph
approach to recommend a node in a social network using a
similarity. Massa and Avesani [26] proposed a trust-based
recommendation system to search for trustable users by
exploiting trust propagation, whereas [2] proposed several
recommendation models to provide factual information.
For further details and other examples, we refer to [37].

Fig. 10. Success rate experiment on service subjects. The x-axis is the scaled reputation scores of three service subjects, i.e., services, association
groups and service compositions; the y-axis is the average number of the workflows that use these three subjects, respectively.
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Automatic service composition is another intensively
investigated topic in services computing. Various techni-
ques have been developed to discover relevant services
and compose them in a proper sequence [9]. Aalst pro-
posed a framework named TomTom4BPM [1] that adopts
process mining technique for various purposes, such as
comparing the actual process execution with pre-modeled
ones and dynamically navigating during process excep-
tions. Some works also relate to process mining, such as
deriving patterns from past usage data to predict the
most likely next-step in building visualization pipelines
[22], and case base reasoning in finding a similar work-
flow and using it to suggest the next component to be
included in a workflow [7].

These approaches can yield good results when services
have complete metadata (input/output, pre/post condi-
tions, QoS, etc), such that the composition problem can be
translated into a well formalized one such as optimization
and AI-based planning. In reality, however, many services
are widely used without much metadata. Meanwhile,
online workflow repositories (such as myExperiment) allow
scientists to share successful experimental routines that con-
tain best practices to compose services. Based on this obser-
vation, we have designed a framework to derive the
credibility of the authors and popularity of the services to
develop a service reputation network, to provide recom-
mendations based on empirical workflows. This work is
developed based on our earlier works on ServiceMap [42],
[28] and service reputation [24], [25].

7 CONCLUSION

Although the sharing of service-based capabilities opens a
gateway to resource reuse, in practice, such reuse is very
low. This paper presents the ReputationNet framework, as
an extension to ServiceMap to employ trust and reputation
mechanisms for service recommendations in building scien-
tific workflows. We have developed a novel model to cap-
ture the trust and reputation aspects of scientific Web
Services and workflows. Based on the model, we have
designed heuristic algorithms to recommend reputable
services, service associations and compositions. We also
conducted extensive experiments using the real-world data
from the workflows on the myExperiment repository. Our
experiment results demonstrated a strong positive correla-
tion (with Pearson coefficient 0.82) between the reputation
of the service subjects (services, associations and composi-
tions) and their actual usage by the myExperiment commu-
nity. This result in turn confirms the validity of the
reputation scores computed and the capability of our frame-
work in terms of service recommendation. It is thus reason-
able to conclude that ReputationNet is capable of offering
justified assessment of reputations and therefore the
quality of the services, association groups - answer to Q1 in
Section 2; and compositions - answer to Q2 in Section 2.
ReputationNet can hence assist scientists in choosing proper
services to compose their scientific workflows.

In the future, we plan to explore other uses of this reputa-
tion mechanism, for example, to give suggestions to service
providers by comparing the reputation of their services
with competitors’. We also plan to integrate ReputationNet

with a workflow repository having a social platform. In this
way we can collect user activities and feedbacks to examine
the effectiveness of ReputationNet, and enhance it with,
e.g., collaborative filtering.
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